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A  large  portion  of  energy  consumption  in  the  world  is  related  to  transportation.  In  recent  decades,  a 
variety  of  technologies  have  been  innovated  and  applied  in  order  to  decrease  vehicles  energy 
consumption.  In  this  paper,  a  comprehensive  review  on  the  use  of  driving  data  and  traffic  information 
for  vehicles  energy  conservation  is  done.  The  main  aim  of  this  paper  is  the  development  of  a  framework 
for  classification  and  comparative  assessment  of  various  methods  and  technologies,  in  which  driving 
data  or  traffic  information  are  utilized  for  vehicles  energy  conservation.  The  applications  are  classified 
into  three  main  categories  including  (1)  traffic  monitoring  and  management  systems,  (2)  intelligent 
energy  management  systems  in  vehicles  and  (3)  intelligent  management  of  charging  issues.  Research 
topics  in  each  category  are  explained  and  their  respective  effectiveness  in  vehicles  energy  consumption 
reduction  is  discussed.  The  review  concludes  that  the  use  of  the  driving  data  and  traffic  information 
leads  to  remarkable  improvements  in  vehicles  energy  consumption  reduction. 
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1.  Introduction 

Energy  conservation  is  a  much  discussed  topic  all  over  the 
world  due  to  the  depleting  energy  resources  as  well  as  the  impact 
to  the  environment.  Energy  sources  are  mainly  categorized  into 
two  groups  which  are  nonrenewable  and  renewable.  Nonrenew¬ 
able  energy  sources  such  as  fossil  fuels  energies  can  deplete  over 
the  years.  On  the  other  hand,  renewable  energy  sources  can  be 
reproduced  in  a  short  time  such  as  wind,  water  and  solar  energies. 
Energy  sources  are  mainly  consumed  in  industry,  transportation, 
agricultural,  commerce  and  civil  areas  [95-98]. 

The  energy  consumption  in  the  transportation  sector  is  known  to 
be  very  large,  of  which  the  vehicles  are  responsible  for  most  of  the 
energy  consumed  [1  .  In  the  worlds  terminal  energy  consumption 
structure,  the  total  energy  consumption  is  at  6212  million  tons  of  oil 
equivalent  (mtoe),  in  which  the  transportation  sector  consumed 
1831  mtoe,  equivalent  to  29.5%  of  the  total  energy  consumed  [2  . 

In  an  effort  to  reduce  the  consumption  of  energy  by  vehicles, 
various  technologies  have  been  innovated  and  applied,  especially  in 
the  consumption  of  fossil  fuels  as  well  as  electrical  energy.  Examples 
of  such  technologies  are  lean-burn  engines  [3],  continuously  variable 
transmission  [4]  and  alternative-fuel  vehicles  such  as  electric,  hybrid 
electric  and  plug-in  hybrid  electric  vehicles  which  are  the  most 
successful  achievements  in  this  area.  Many  previous  studies  have 
proven  the  effectiveness  of  such  modern  vehicles  comparing  to 
conventional  vehicles  in  energy  conservation. 

More  recently,  studies  on  the  effect  of  using  driving  data  and 
traffic  information  for  energy  conservation  are  actively  done. 
Traffic  information  and  driving  data  analysis  have  many  applica¬ 
tions  in  various  areas  such  as  intelligent  transportation  systems 
(ITS),  traffic  flow  modeling  [5-7],  pollutant  emissions  dispersion 
investigation  [8-10],  accident  prevention  and  safety  [11,12],  etc. 

This  review  paper  encompasses  historical  and  ongoing  research 
into  the  applications  of  driving  data  and  traffic  information  in 
energy  consumption  reduction  in  vehicles.  These  applications  are 
classified  into  three  categories  in  this  study,  including  (1)  traffic 
monitoring  and  management  systems,  (2)  intelligent  energy 
management  systems  in  vehicles  and  (3)  intelligent  management 
of  charging  issues.  Each  category  is  also  divided  into  some 
research  topics  as  demonstrated  in  Fig.  1. 

2.  Driving  data  and  traffic  information:  definitions 
and  characteristics 

As  this  paper  deals  with  the  applications  of  driving  data  and  traffic 
condition  information  in  vehicles  energy  conservation,  it  is  necessary 


Applications  of  driving  data  and  traffic  information  for  vehicle's  energy  conservation 


Fig.  1.  Applications  of  driving  data  and  traffic  information  for  vehicle's  energy 
conservation. 


to  introduce  some  definitions  in  this  area.  In  this  section,  a  short 
description  of  expressions,  definitions  and  characteristics  of  driving 
data  is  made,  followed  by  the  description  of  the  driving  data,  driving 
segments,  driving  features  and  traffic  conditions. 

2.2.  Driving  data 

Driving  data  includes  date/time,  longitude,  latitude,  speed  and 
altitude  of  vehicle  in  every  second.  Driving  data  gathering  can  be 
performed  using  Advanced  Vehicle  Locating  (AVL)  devices.  The 
AVL  device  (shown  in  Fig.  2)  works  using  Global  Positioning 
System  (GPS)  and  is  placed  inside  the  car.  The  velocity  of  the 
vehicle  is  considered  as  a  very  important  driving  data  because  the 
driving  segments  and  driving  features  are  defined  based  on 
velocity  time  series. 

2.2.  Driving  segments 

A  driving  segment  is  defined  as  the  velocity  values  in  a  period 
of  time  with  a  distinct  length.  Four  consecutive  real  driving 
segments  with  length  of  150  s  are  illustrated  in  Fig.  3.  The  driving 
time  series  partitioning  is  performed  for  data  characteristics 
analysis.  Another  common  method  for  driving  data  time  series 
partitioning  is  micro-trip  which  is  defined  as  velocity  profile  from 
stop  to  stop.  Fig.  4  depicts  six  real  consecutive  micro-trips  on  the 
same  velocity  profile. 

2.3.  Driving  features 

Driving  features  are  defined  and  used  for  analysis  of  driving 
segments  characteristics.  Various  driving  features  have  been 
defined  in  the  previous  studies  [13-15].  For  example  two  of  these 
driving  features  are  average  velocity  (Vave)  and  variance  of  velocity 


Fig.  2.  An  AVL  device. 
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Fig.  5.  Scatter  plot  of  a  group  of  real  driving  segments  in  feature  space. 


(dp)  which  are  formulated  as  follows,  where  parameter  n  is  the 
driving  segment  length  and  vt  is  the  velocity  in  the  ith  second: 


1  n 

V ave  =  —  ^  Vf 
ni=  1 


clustered  in  2-dimensional  driving  feature  space.  Different  num¬ 
bers  and  combinations  of  driving  features  have  been  investigated 
for  traffic  condition  definition  and  recognition  in  [16  . 


3.  Vehicles  energy  consumption  reduction  using  traffic 
monitoring  and  management  systems 

Due  to  the  need  to  conserve  energy  globally,  efforts  are  made  to 
use  the  driving  data  and  traffic  information  in  the  application  for 
vehicles  energy  consumption.  One  area  of  application  is  the  traffic 
monitoring  and  management  systems.  Traffic  information  can  be 
supplied  by  vehicle  telematics  [17]  or  Intelligent  Transportation 
Systems  (ITS)  which  can  provide  vehicle  autonomous  functions 
using  GPS  navigation  technology  [18]. 

Two  types  of  communications  exist  in  ITS  including  road-to- 
vehicle  and  vehicle-to-vehicle.  In  road-to-vehicle  communication, 
vehicles  send  and  receive  data  to  and  from  the  stations  beside  the 
road.  A  schematic  of  vehicle-to-vehicle  information  delivery  is 
illustrated  in  Fig.  8.  In  such  system  each  car  communicates  with 
the  other  cars  in  its  neighbor  [19]. 

In  the  following,  some  technologies  and  methods  based  on 
traffic  monitoring  and  management  systems  that  lead  to  vehicles 
energy  conservation  are  described  briefly. 


—  —  2  (V/  —  Vave)2  (2) 

n  i  =  1 

In  Fig.  5,  the  distribution  of  a  real  cluster  of  driving  segments  is 
depicted  in  driving  feature  space.  In  this  scatter  plot,  each  point 
corresponds  to  one  driving  segment.  The  figure  contains  a  range  of 
0-70  km/h  for  average  velocity  and  0-1200  (km/h)2  for  variance  of 
velocity,  demonstrating  difference  between  driving  segments. 

In  Fig.  6,  two  real  sample  driving  time  series  are  illustrated. 
They  have  been  obtained  using  the  AVL  devices  in  one  of  our 
previous  works.  After  partitioning  these  two  velocity  time  series 
into  150-s  segments  and  extracting  their  driving  features,  two 
plots  are  obtained  as  demonstrated  in  Fig.  7.  In  this  figure, 
segments  of  samples  A  and  B  are  highlighted  with  black  color 
among  all  driving  segments.  Such  scatter  plots  can  be  utilized  for 
driving  data  analysis  and  traffic  condition  recognition. 

Traffic  conditions  are  defined  based  on  driving  features.  For 
example  using  only  one  driving  feature  such  as  average  velocity, 
driving  segments  can  be  classified  into  three  groups  as  follows: 
(1)  congested  traffic  condition  including  driving  segments  with 
average  velocity  between  0  km/h  and  V\  km/h,  (2)  urban  traffic 
condition  including  driving  segments  with  average  velocity  from 
V\  km/h  to  V2  km/h,  (3)  highway  traffic  condition  including  driving 
segments  with  average  velocity  more  than  V3  km/h.  Using  another 
driving  feature  like  variance  of  velocity,  driving  segments  can  be 


3.1.  Proper  route  selection  as  a  driver  support  tool 

Today,  many  driving  assist  tools  have  been  designed  to  increase 
driving  safety,  increase  comfort  by  providing  useful  information 
for  driver  and  reduce  the  environmental  effects  of  driving.  Among 
these  tools,  the  navigation  support  tool  has  been  developed  to 
decrease  energy  consumption  and  emission  of  vehicles  via  a 
navigation  system.  In  this  approach,  there  is  a  route  choice 
optimization  problem  which  is  based  on  the  lowest  total  energy 
consumption  [20].  A  navigation  system  which  has  been  used  in 
Lexus  Gen  V  vehicle  is  shown  in  Fig.  9. 

One  mechanism  for  the  implementation  of  rout  choice  tools  is 
the  vehicular  ad  hoc  network  (VANET).  VANET  is  a  type  of  mobile 
ad  hoc  networks  (MANET)  that  work  based  on  short-range  com¬ 
munications  technologies.  VANETs  have  been  gaining  much  atten¬ 
tion  over  the  past  years.  Their  significance  has  been  known  in 
industry,  academic  and  governmental  organizations  [21-23  .  The 
main  advantage  of  ad  hoc  network  ITS  is  that  it  does  not  need  any 
infrastructure.  So  the  cars  can  communicate  anywhere  and  drivers 
become  aware  of  traffic  conditions  in  their  path  [24].  Conse¬ 
quently,  vehicles  energy  conservation  is  possible  via  the  proper 
route  selection. 

It  is  demonstrated  in  20]  that  for  46%  of  trips  the  drivers  do 
not  choose  the  most  fuel-efficient  routes  in  Lund  city.  It  is  shown 
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Fig.  7.  Segments  of  samples  A  and  B,  highlighted  among  all  driving  segments. 


Fig.  8.  Vehicle  information  delivery  in  ITS  [19]. 


Fig.  9.  Lexus  Gen  V  navigation  system. 


that  by  using  a  fuel-optimized  navigation  system,  8.2%  improve¬ 
ment  in  vehicles'  fuel  consumption  is  achieved  in  these  trips. 


3.2.  Adaptive  cruise  control  systems 

One  technology  in  which  the  intelligent  traffic  management 
systems  can  improve  energy  conservation  in  vehicles  is  Adaptive 
Cruise  Control  (ACC)  system.  ACC  systems  improve  and  speed  up 
the  traffic  flow  while  keeping  safety  on  the  highways.  Their 
function  is  based  on  maintaining  a  constant  time-gap  between 
cars  during  motion  [25].  Using  this  system,  vehicles  can  move 


faster  and  more  freely  and  consequently  less  energy  is  wasted. 
Fig.  10  shows  a  schematic  of  the  ACC  system  in  vehicles. 

A  special  ACC  for  electric  vehicles  (EVs),  called  Slipstream 
Cooperative  Adaptive  Cruise  Control  (SCACC)  technology,  reduces 
energy  consumption  and  extends  the  EV  range  using  ITS.  This 
system  is  applied  while  driving  behind  and  near  another  vehicle 
(shown  in  Fig.  11 ).  The  concept  is  based  on  air  drag  force  reduction 
for  the  following  vehicle.  Consequently,  more  energy  conservation 
can  be  achieved  and  EVs  are  able  to  go  longer  distances  [26]. 
In  Table  1,  some  quantitative  results  of  implementation  of  SCACC 
technology  based  on  experimental  tests  on  a  typical  vehicle  are 
summarized  [27].  As  demonstrated  in  the  table,  the  less  distance 
exists  between  the  vehicles,  the  more  energy  is  saved.  But  it 
should  be  noted  that  decreasing  the  distance  between  vehicles 
makes  the  need  for  safer  and  more  reliable  braking  systems  that 
should  be  regarded  in  separate  studies. 

3.3.  Platoon  system  as  an  energy-saving  ITS  technology 

Platoon  system  has  been  originated  from  a  national  project 
called  “energy  ITS”  in  Japan  in  2008.  The  aim  of  the  project  was 
vehicles'  pollutant  emission  and  energy  consumption  reduction. 
In  this  system,  some  vehicles  (especially  freight  cars)  move  in 
tandem  as  a  unit.  A  schematic  of  a  platoon  system  is  illustrated  in 
Fig.  12  [28].  The  mechanisms  of  this  system  for  energy  conserva¬ 
tion  are  to  prevent  unnecessary  accelerations  and  decelerations 
during  motion,  avoiding  traffic  jams  using  ITS  and  reducing 
aerodynamic  drag  force  by  minimizing  the  distance  between 
vehicles,  it  should  be  noted  that  safety  and  reliability  are  two  vital 
aspects  in  utilizing  this  technology  [28  . 

3.4.  Traffic  light  to  vehicle  communication  technology 

As  idling  and  sharp  accelerations/decelerations  increase  vehi¬ 
cle's  pollutant  emissions  and  energy  consumption  [29],  they 
should  be  prevented  as  much  as  possible.  Utilizing  modern 
communication  technologies,  it  is  practical  for  vehicles  to  receive 
light  signals  and  other  data  in  road  junctions.  Based  on  this  traffic 
signal  data,  in  [30]  an  arterial  velocity  planning  method  has  been 
designed  that  gives  useful  advices  to  drivers  in  order  to  adjust 
their  velocity  to  face  green  lights  in  intersections.  In  this  algo¬ 
rithm,  idling,  accelerations  and  decelerations  are  minimized  while 
ensuring  that  the  vehicle  never  exceeds  the  speed  limit.  Using  this 
technology,  energy  conservation  of  about  12-14%  has  been 
obtained  by  velocity  planning  [30  . 

The  above-mentioned  technology  is  used  in  traffic-light-to- 
vehicle  communication  (TLVC)  systems.  Based  on  the  simulation 
results  in  the  study  for  a  single  vehicle  and  traffic  light,  TLVC 
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Fig.  10.  Schematic  of  the  ACC  system. 


Fig.  11.  SCACC  system  [26]. 


providing  satisfactory  performance  [33-35  .  A  comprehensive 
overview  of  different  types  of  HEV  and  PHEV  control  strategies 
can  be  found  in  [36,37]  respectively. 

Complex  nature  of  the  control  strategy  and  its  interconnection 
with  hybrid  powertrain  design  make  HEV  energy  management 
problem  critical.  In  addition  to  the  complex  nature  of  the  problem, 
if  the  control  strategy  is  not  well-suited  to  vehicle  configuration, 
even  a  good  design  could  lead  to  non-optimal  hybrid  operation. 
So  optimization  of  HEV  control  strategies  is  an  important  topic  in 
this  area.  HEV  control  strategy  optimization  has  been  investigated 
in  many  previous  studies  [38-40  . 

Because  of  the  influence  of  the  traffic  conditions  on  the 
optimization  of  HEV  power  management  system,  applying  an 
adaptive  control  approach  is  essential.  This  approach  suggests 
that  a  HEV  requires  high  ability  to  adapt  itself  to  current  traffic 
condition  to  minimize  fuel  consumption  and  exhaust  emissions. 
The  use  of  driving  data  and  traffic  information  in  an  adaptive  or 
intelligent  HEV  power  management  system  has  become  an  inter¬ 
esting  subject  for  research  [41-44]. 

In  the  following,  techniques  and  methods  in  which  driving  data 
and/or  traffic  information  is  used  in  a  vehicle  energy  management 
system  for  energy  conservation  are  explained. 

4.1.  Intelligent  HEV  energy  management  using  car  navigation  data 


Table  1 

Vehicle  energy  consumption  reduction  using  SCACC  at  89  km/h  [27]. 


Distance  between  vehicles  (m) 

Energy  consumption  reduction  (%) 

30 

11 

15 

20 

6 

27 

3 

39 

system  can  decrease  fuel  consumption  by  up  to  22%  [31  .  Recently, 
TLVC  has  received  an  increasing  amount  of  attention  due  to  its 
benefits  to  individual  drivers  even  at  low  penetration  rates  of  the 
new  communication  technology.  In  [32],  application  of  the  TLVC 
technology  is  investigated  especially  for  electric  vehicles.  Their 
assessments  have  revealed  that  electric  vehicles  can  also  benefit 
from  TLVC  up  to  20%  improvement  in  energy  conservation  by 
changing  the  way  of  accelerating  and  decelerating. 


4.  Intelligent  energy  management  systems  in  vehicles  using 
driving  data  and  traffic  information 

As  mentioned  before,  hybrid  vehicles  are  vehicles  equipped 
with  at  least  two  different  sources  of  energy.  In  order  to  use  the 
two  power  sources  of  HEV  effectively,  a  control  unit  is  necessary 
for  suitable  management  of  energy  distribution.  The  control  unit 
calculates  the  share  of  each  power  source  in  supplying  the 
required  power  and  the  amount  of  energy  that  should  be  saved. 
HEV  control  unit  manages  the  energy  aiming  at  minimizing 
vehicles  energy  consumption  and  exhaust  emissions  and  also 


One  source  for  utilizing  traffic  information  in  vehicles  energy 
management  system  is  car  navigation  data  provided  via  global 
positioning  system  (GPS),  vehicle  geographical  information  system 
(GIS)  or  vehicle  telematics.  In  this  section,  methods  and 
approaches  in  which  the  navigation  data  is  used  to  improve 
vehicles  energy  consumption  are  introduced. 

In  [45]  an  intelligent  HEV  controller  based  on  driving  condition 
prediction  using  car  navigation  data  has  been  proposed.  In  order  to 
test  the  proposed  method  a  commuting  route  to  work  has  been 
considered.  The  prediction  is  done  in  the  path  based  on  a  database 
and  on-line  location  information  [45,46].  Consequently  HEV 
energy  management  system  can  make  better  decisions  about 
power  distribution  between  internal  combustion  engine  and 
electric  motor  based  on  battery  state  of  charge  (SOC)  and  future 
driving  condition.  This  leads  to  less  energy  consumption  and 
emissions  in  vehicle.  Fig.  13  demonstrates  a  block  diagram  of  this 
approach. 

A  predictive  on/off  controller  has  been  designed  for  a  micro¬ 
turbine  powered  HEV  in  47].  The  proposed  controller  works  based 
on  the  prediction  of  remaining  driving  distance,  average  energy 
demand  and  a  defined  time  correction  factor,  which  are  estimated 
using  a  database  and  GPS  navigation  system.  Performance  of  the 
predictive  on/off  controller  has  been  investigated  by  simulating 
vehicle  on  different  driving  cycles.  The  results  demonstrate  that 
using  the  predictive  controller  leads  to  32%  to  48%  improvement  in 
fuel  consumption  reduction  over  NEDC  driving  cycle  comparing  to 
the  traditional  on/off  controller  [47]. 

Application  of  the  route  preview  in  vehicle's  energy  conserva¬ 
tion  has  also  been  studied  in  [48]  for  a  HEV.  For  this  purpose, 
in-vehicle  3-D  maps  and  vehicle  GPS-based  navigation  system  are 
utilized.  In  order  to  decouple  the  influence  of  velocity  variation, 
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Fig.  12.  Schematic  of  platoon  system  [28]. 


Driving  Pattern  Estimating  System 


Fig.  13.  Intelligent  HEV  energy  management  using  car  navigation  data  [46]. 

the  study  has  been  done  in  constant-velocity  condition.  Having 
route  preview  and  velocity  value,  intelligent  management  of 
energy  in  HEV  is  performed.  Fig.  14  shows  schematic  of  the 
predictive  energy  management  based  on  3-D  terrain  maps.  Some 
of  the  main  conclusions  of  this  study  are:  (1)  an  average  fuel 
economy  improvement  of  l%-4%  is  possible  with  terrain  preview, 
(2)  the  improvement  is  inversely  correlated  to  the  cruising  speed; 
i.e.,  it  decreases  at  higher  speeds,  (3)  preview  also  reduces  the 
average  energy  flow  to  and  from  the  battery  and,  therefore,  may 
increase  the  battery's  life  [48]. 

Following  [48],  a  simulation  case  study  in  [49]  has  demon¬ 
strated  that  the  route  preview  can  also  be  applied  for  a  PHEV  in 
order  to  proper  selection  of  pure  electric  or  mixed  usage  of  ICE  and 
electric  motor  regarding  to  distance  to  the  next  charging  station. 

In  [50]  the  terrain  information  has  been  utilized  in  an  in-wheel 
motor  electric  ground  vehicle  for  maximizing  the  travel  distance. 
In  addition,  in  this  study  both  varied  and  constant  velocities  along 
the  terrain  profile  have  been  investigated  and  comparison  of 
energy  consumption  at  different  constant  velocities  has  been 
done.  It  is  demonstrated  that  12.5%  improvement  in  battery 
energy  conservation  is  obtained  using  the  optimal  velocity  for 
the  given  terrain  profile. 

Road  grade  and  temperature  preview  are  used  in  EV  power 
energy  management  and  heating  systems  in  51  .  In  this  approach, 
the  energy  management  system  has  been  optimized  for  minimiz¬ 
ing  battery  electric  energy  consumption,  maximizing  the  tempera¬ 
ture  comfort  in  the  driver  compartment  and  minimizing  the 
travel  time. 

Beside  an  intelligent  HEV  energy  management  system,  an  auto¬ 
matic  gear  shifting  system  can  also  benefit  from  terrain  information. 
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Fig.  14.  Intelligent  energy  management  using  terrain  map  [48]. 
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Fig.  15.  Schematic  of  a  driving  pattern  prediction  system. 


In  [52]  a  predictive  gear  shift  control  strategy  for  a  parallel  HEV  has 
been  designed.  Simulation  results  of  the  predictive  gear  shift  control 
strategy  on  NEDC  and  FTP-75  driving  cycles  demonstrate  7.5%  and 
22.5%  improvement  in  energy  consumption  respectively. 


4.2.  Driving  condition  prediction  based  on  history  of  motion 
for  intelligent  HEV  control 

In  another  HEV  control  method  based  on  prediction  of  future 
driving  patterns,  a  predictor  is  used  instead  of  car  navigation 
system.  The  difference  between  this  method  and  the  technique 
presented  in  Section  4.1  can  be  explained  as  follows.  In  the 
previous  technique,  traffic  information  is  supplied  via  the  ITS 
system  but  here  the  method  is  basically  different  and  prediction 
is  performed  regarding  to  the  history  of  motion.  In  this  method, 
the  driving  data  is  gathered  and  analyzed  inside  the  vehicle  and  no 
on-line  information  is  needed  from  outside.  In  other  words,  this 
method  is  also  applicable  in  places  in  which  no  ITS  infrastructure 
exists. 

Fig.  15  depicts  a  schematic  representation  of  driving  time  series 
prediction  system  that  predicts  velocity  time  series  in  prediction 
horizon  based  on  history  of  vehicles  motion.  In  the  figure,  the 
predictor  may  be  a  hidden  Markov  model,  a  regression-based 
model  or  a  neural  network  (NN).  Because  most  of  the  predictors  in 
the  literature  are  NNs,  here  we  focus  on  NN.  NNs  are  powerful 
tools  for  prediction  and  they  have  been  applied  in  different  areas 
such  as  market  forecasting  and  climate  prediction.  Especially  in 
the  area  of  driving  data  and  traffic  flow  prediction,  NN  has  been 
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used  in  many  previous  studies  for  vehicles  movement  prediction 
and  vehicle  load  forecasting  [53-55  . 

In  [56]  a  Multi-Layer  Perceptron  (MLP)  NN  [57]  has  been 
trained  to  predict  velocity  values  to  10  s  ahead  (NN  output)  based 
on  past  velocity  time  series  (NN  input).  The  actual  and  predicted 
velocity  values  in  a  sample  test  for  10  s  ahead  are  illustrated  in 
Fig.  16.  Results  of  the  Auto  Regressive  (AR)  method  [58]  are  also 
presented  beside  the  NN  results.  Both  methods  should  be  com¬ 
pared  to  actual  data  which  has  happened  in  real  driving  data 
gathering. 

Fig.  17  illustrates  a  schematic  of  an  adaptive  HEV  control 
strategy  based  on  driving  time  series  prediction.  In  this  approach, 
the  prediction  horizon  is  10  s  and  the  act  of  prediction  is  repeated 
each  10  s.  The  last  driving  time  series  data  is  used  as  inputs  of  NN 
in  on-line  situation.  Then  velocity  time  series  is  predicted  by  NN  in 
near  future.  The  control  unit  benefits  from  an  off-line  database 
containing  many  driving  segments  and  corresponding  optimized 
controllers  for  the  segments.  After  prediction  in  each  step,  the 
most  similar  driving  segment  in  the  database  to  the  predicted 
segment  is  selected,  and  its  corresponding  controller  parameters 
are  used  for  10  s.  This  process  is  repeated  each  10  s  during  motion. 
More  details  about  the  method  and  prediction  results  can  be  found 
in  [56  .  Different  lengths  of  prediction  horizon  or  prediction 
window  sizes  are  investigated  in  [59  .  It  is  demonstrated  that 
applying  such  a  predictive  controller  in  vehicle  power  manage¬ 
ment  system  leads  to  1.5%-2.7%  improvement  in  vehicles  energy 
conservation  over  real  driving  cycles  [59  . 


4.3.  Driving  condition  recognition  based  on  history  of  motion 
for  intelligent  HEV  control 

Another  type  of  intelligent  HEV  control  strategy,  that  utilizes 
driving  data  in  order  to  reduce  energy  consumption,  is  sub- 
optimal  control  strategy  using  driving  condition  recognition 
(DCR).  In  this  method,  at  first  the  HEV  controlling  actions  are 
optimized  for  different  driving  cycles  or  driving  segments  in  off¬ 
line  condition.  Then  the  optimization  results  are  stored  in  con¬ 
trollers  database.  In  on-line  application,  DCR  sub-system  recog¬ 
nizes  current  driving  condition  using  history  of  vehicles  motion. 
After  that,  regarding  to  the  current  driving  condition,  the  most 
similar  condition  in  the  database  is  selected  and  corresponding 
optimized  controller  is  used.  The  recognition  process  is  repeated  in 
regular  time  intervals  in  on-line  application.  Fig.  18  depicts  a 
schematic  representation  of  an  intelligent  HEV  controller  using 
DCR.  By  this  way,  the  HEV  control  system  can  adapt  itself 
intelligently  regarding  to  driving  data  history.  Consequently  an 
improvement  is  achieved  in  vehicles  energy  consumption. 

Because  the  optimized  controller  is  not  exactly  optimized  for 
the  current  driving  condition,  it  is  called  sub-optimal,  nearly 
optimal  or  semi-optimal.  It  should  be  noted  that  the  optimized 
controller  suffers  from  limitations  in  on-line  application  such  as 
the  time  needed  for  the  optimization  and  lack  of  knowledge  about 
the  next  driving  profile  in  the  near  future.  In  the  optimization 
problem,  a  cost  function,  which  is  the  sum  of  vehicles  energy 
consumption  (EC)  and  exhaust  emissions  (EE),  is  minimized  over  a 


actual  data 


Fig.  16.  Actual  and  predicted  values  of  velocity  in  10  s  ahead  using  AR  and  NN  [56]. 


Fig.  18.  Intelligent  HEV  control  loop  based  on  driving  condition  recognition. 
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Fig.  17.  Schematic  of  an  adaptive  HEV  control  based  on  driving  time  series  prediction  [56]. 
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driving  cycle  such  as  follows: 


cost(x )  — 


1 


‘Tdc 


‘Tdc 


W\  +W2 


W 1 


(EC)dt+w2  /  ( EE)  dt 


where  x  is  a  vector  in  solution  space  (X),  w,  is  a  weight  that  is 
considered  for  each  factor  reflecting  its  importance  and  TDC  is  the 
time  of  driving  cycle. 

It  should  be  noted  that  in  Fig.  18,  type  of  the  HEV  controller  is  not 
determined.  Indeed,  DCR  can  be  added  to  different  types  of  HEV 
control  strategies.  In  the  following  some  control  strategies  which  a 
DCR  sub-system  is  added  to  them  are  presented  from  the  literature. 

In  [60,61],  a  multi-mode  control  strategy  has  been  developed 
for  a  HEV.  The  designed  controller  has  six  modes  corresponding  to 
six  representative  driving  cycles.  The  rule-base  HEV  controller  has 
been  optimized  using  dynamic  programming  (DP)  method  for 
each  of  the  six  cycles  and  optimal  control  laws  have  been  saved. 
After  that,  an  on-line  DCR  sub-system  has  been  designed  to  switch 
between  the  six  modes. 

In  another  case  study  the  above-mentioned  method  is  applied 
in  Taiwan  [44  .  Nine  driving  patterns  in  Taiwan  are  considered  in 
the  database.  HEV  controller  has  been  optimized  in  off-line 
condition  for  all  9  patterns  using  DP  method.  The  results  demon¬ 
strate  an  improvement  of  2.06%  to  3.18%  for  the  multi-mode 
approach  comparing  to  the  original  single-mode  approach. 

In  another  similar  study  [62]  an  optimized  on-line  control 
strategy  for  a  PEM  fuel  cell-battery  hybrid  electric  scooter  has  been 
developed  including  two  phases:  (1)  off-line  optimization  and 
(2)  on-line  controller  design.  Phase  1  develops  the  proper  power 
split  ratio  between  fuel  cells  and  battery  set.  DP  method  is  applied 
for  the  optimization.  Phase  2  chooses  NN  to  construct  the  non¬ 
linear  relationship  between  road  conditions  and  optimal  outputs 
according  to  the  first  phase.  In  other  words,  NN  works  as  a  DCR 
unite  here,  with  a  two-layer  NN  trained  via  four  indices  and 
polynomial  coefficients  which  are  derived  from  the  DP  (off-line) 
results.  Applying  the  DP+NN  method,  the  nearly  optimized 
on-line  control  strategy  aimed  to  reduce  the  hydrogen  consump¬ 
tion  (extend  the  cruising  mileage)  can  be  achieved  [62  . 

The  study  presented  in  [63]  also  contains  an  off-line  optimiza¬ 
tion  and  NN  design  for  real-time  application.  The  particle  swarm 
optimization  (PSO)  method  has  been  applied  for  optimizing 
control  strategy  in  a  PHEV  on  a  driving  cycle.  Then  because  of 
the  limitations  of  optimization  in  real-time,  NNs  are  trained  to 
utilize  the  PSO  results  in  on-line  condition.  So  a  near-optimal  real¬ 
time  controller  is  obtained  using  NN.  Comparisons  between  PSO 
off-line  controller  and  NN  real-time  controller  have  been  made  for 
same  drive  cycles  in  [63]. 

In  another  study  in  this  area,  a  mixed  control  strategy  (MCS)  based 
on  discriminating  the  current  driving  condition  has  been  developed 
[64].  The  MCS  is  a  combination  of  two  control  strategies  including 
motor  assistant  control  strategy  (MACS)  and  real-time  optimization 
control  strategy  (RTOCS).  The  MACS  acts  well  in  congested  traffic  and 
RTOCS  acts  well  in  freeways  [38,64].  In  MCS,  the  power  management 
is  done  based  on  MACS  concept  in  congested  and  flowing  driving 
conditions  and  it  is  done  based  on  RTOCS  concept  in  country  road 
and  highway  driving  conditions.  DCR  sub-system  detects  current 
driving  condition  in  real-time  applications.  So  the  MCS  can  act  better 
than  both  if  it  can  benefit  from  a  DCR  unit. 

In  Fig.  18,  if  a  fuzzy  logic  controller  is  used  as  HEV  controller,  an 
intelligent  fuzzy  energy  management  system  is  obtained  which 
can  adapt  itself  to  current  driving  condition.  In  this  approach, 
fuzzy  logic  HEV  controller  is  designed  and  optimized  in  various 
driving  conditions.  Here  the  optimization  process  consists  of 
finding  the  most  effective  shapes  of  membership  functions  in 
order  to  minimize  a  cost  function  such  as  that  presented  in  Eq.  (3). 
The  shapes  of  membership  functions  can  be  parameterized  as 
depicted  in  Fig.  19.  So  the  solution  vector  (x)  containing  x^-x5 


Fig.  19.  Fuzzy  logic  controllers  membership  functions  parameters. 


should  be  determined  based  on  the  off-line  optimization  results 
for  each  driving  condition.  In  real-time  applications,  shapes  of 
membership  functions  of  the  fuzzy  logic  controller  are  changed 
regarding  to  the  DCR  data.  More  details  about  this  approach  can  be 
found  in  [65-68]. 

Another  control  method  called  equivalent  consumption  mini¬ 
mization  strategy  (ECMS)  [69,70]  can  be  used  in  Fig.  18  as  HEV 
controller  instead  of  fuzzy  logic  controller.  DCR  sub-system  can 
also  be  applied  for  the  ECMS  that  leads  to  adaptive  equivalent 
consumption  minimization  strategy  (A-ECMS)  [71-73].  The  ECMS 
provide  a  near-optimal  HEV  control  solution  for  a  driving  cycle. 
In  this  method,  an  equivalent  factor  is  used  to  obtain  equivalent 
fuel  consumption  for  electrical  energy  usage.  So  effectiveness  of 
this  approach  depends  on  the  equivalent  factor  value.  Because  the 
optimal  value  of  the  factor  changes  in  different  driving  conditions, 
ECMS  is  not  applicable  in  real-time  [74  .  In  the  A-ECMS  method, 
the  equivalence  factors  are  changed  based  on  DCR.  So  it  is 
applicable  for  on-line  power  management.  In  this  approach  the 
equivalence  factors  are  adjusted  regarding  to  current  driving 
condition  to  optimize  energy  consumption  in  real  time. 


5.  Intelligent  management  of  charging  issues  for  EVs  and 
PHEVs  using  driving  data  and  traffic  information 

The  last  category  of  driving  data  and  traffic  information 
applications  in  vehicles  energy  conservation  is  focused  on  char¬ 
ging  and  discharging  of  EVs  and  PHEVs  in  order  to  decrease  energy 
consumption.  The  topic  of  charging/discharging  EVs  and  PHEVs 
has  become  one  of  the  most  significant  issues  in  the  recent  years. 
Because  of  the  dynamic  characteristics  of  power  grid  and  varia¬ 
tions  in  electric  power  demand  during  a  day,  many  studies  are 
focused  on  smart  grid  management  intelligently.  The  driving  and 
traffic  information,  as  well  as  the  electricity  real-time  price 
information  in  the  market  can  play  a  vital  role  in  this  area. 

In  [75,76],  three  different  electricity  demand  response  options 
including  real  time  pricing  (RTP),  time  of  use  (TOU)  and  flat  are 
investigated  for  PHEV  charging  regarding  the  distribution  network 
in  a  smart  grid  environment.  In  [77],  optimal  EV  charging  time 
profile  is  obtained  respect  to  electricity  price  during  a  day.  In  this 
method,  communication  facilities  and  real  time  electricity  price 
information  are  used  to  design  an  optimal  load  management 
strategy  for  a  smart  grid.  Readers  interested  in  a  broader  discus¬ 
sion  in  this  area  are  referred  to  [78-80  . 

In  this  study,  previous  researches  are  reviewed  in  which  the 
driving  data  and  traffic  information  are  utilized  in  order  to  manage 
the  EVs  and  PHEVs  power  demands  more  efficiently.  The  literature 
review  is  presented  in  two  separate  parts  as  follows. 

5.1.  Charging  load  profile  extraction  using  driving  data 

One  approach,  in  which  driving  data  is  used  for  intelligent 
management  of  EVs  and  PHEVs  charging  demands,  is  optimal 
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charge  scheduling  based  on  charging  load  profile  (CLP)  extraction. 
CLPs  are  affected  by  the  number  and  types  of  vehicles,  their  all¬ 
electric  range  (AER),  driving  patterns,  vehicles  daily  mileage, 
charging  start  time  and  charging  level  [81  .  For  example,  Fig.  20 
shows  number  of  vehicles  needing  charge  vs.  time  of  day  based  on 
the  National  Household  Travel  Survey  (NHTS)  database  [82  .  The 
figure  demonstrates  various  charging  demands  during  a  day  which 
is  utilized  for  CLP  development.  In  [83],  a  method  for  building  CLPs 
for  PHEVs  based  on  NHTS  data  has  been  described. 

As  depicted  in  Fig.  20,  there  are  charging  demand  peak  times 
during  a  day  which  should  be  managed  through  applying  some 
policies.  In  one  policy,  vehicles  arriving  during  off  peak  times 
should  be  charged  at  high  levels,  and  those  arriving  during  peak 
hour  times  should  be  charged  at  low  levels.  In  another  policy,  the 
peak  points  are  shifted  by  not  to  charge  vehicles  right  at  their 
arrival  time.  In  this  policy,  vehicles  arriving  at  peak  time  would 
have  to  wait  for  2  h  to  start  charging  [81  . 

In  [84],  a  mathematical  model  of  EV  charging  demand  has  been 
proposed  which  predicts  the  time  and  number  of  vehicles  that  will 
arrive  to  the  charge  station.  The  model  requires  driving  data 
including  vehicles  number  and  speeds  in  the  neighborhood.  Using 
these  models,  proper  size  of  energy  storage  systems  can  be 
determined  regarding  to  CLP.  In  addition,  renewable  energy 
sources  can  be  used  by  flexible  charging  strategies  to  reduce 
charging  cost  as  illustrated  in  Fig.  21.  This  will  be  practical  by 
using  an  intelligent  load  management  system  (ILMS)  to  link  EVs 
and  PHEVs  to  renewable  energy  sources.  ILMS  requires  informa¬ 
tion  about  the  departure  time  and  length  of  drivers  upcoming  trips 
to  manage  the  charging  process  depending  on  the  availability  of 
renewable  energy  in  the  grid  [85]. 


Time  of  day 


Fig.  20.  Number  of  vehicles  arriving  each  hour  [81]. 
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Fig.  23.  A  schematic  of  ITS  information  communication  system  for  EV  [92]. 


Fig.  24.  The  full-access  (left)  and  the  butterfly  (right)  scenarios  [93]. 
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Fig.  21.  Flexible  charging  strategies  during  peak  time  (right)  and  off-peak  time  (left)  [84]. 


A.  Fotouhi  et  al.  /  Renewable  and  Sustainable  Energy  Reviews  37  (2014)  822-833 


831 


After  the  extraction  of  CLPs  for  EVs  and  PHEVs,  their  charge 
patterns  can  be  optimized  in  order  to  get  different  objectives  such 
as  less  energy  cost  and  more  battery  longevity  [86-88].  EVs  and 
PHEVs  charging  and  discharging  scheduling  have  been  stated  as  an 
optimization  problem  in  [89  .  In  that  work,  a  locally  optimal 
charge  scheduling  scheme  has  been  developed  based  on  vehicles 
groups  in  separate  regions.  In  each  region,  a  local  controller  (LC) 
exists  and  they  communicate  as  shown  in  Fig.  22. 

In  addition,  grid  impact  assessment  can  be  performed  based  on 
EVs  and  PHEVs  CLPs.  In  [90],  peak  power  increase  in  the  grid  as  a 
function  of  penetration  of  PHEVs  and  EVs  has  been  investigated.  It 
is  demonstrated  that  using  CLPs,  a  coordination  strategy  can  be 
designed  for  damping  the  effects  of  load  change  in  grid  due  to  EVs 
and  PHEVs  charging.  The  results  demonstrate  23%  improvement  in 


grid  voltage  deviation  and  4.7%  improvement  in  grid  power  losses 
by  coordinated  charging  in  condition  of  30%  penetration  rate  of 
EVs  and  PHEVs  [90]. 

5.2.  ITS-based  charging  management  of  EVs  and  PHEVs 

Applying  conventional  charging  scenarios  without  using  ITS 
leads  to  peak  demands.  ITS  technologies  can  be  utilized  in  EV  and 
PHEV  charging  process  via  a  smart  charging  plan  to  decrease  these 
peak  demands.  Using  ITS,  the  electrical  grid  load  can  be  monitored 
on-line  and  electrical  energy  price  can  rise  in  peak  times  [91  . 

In  [92],  an  ITS  information  communication  system  for  EV  has 
been  proposed  that  uses  a  wide  area  network,  a  road  to  vehicle 
communication,  and  an  in-vehicle  network  as  a  system.  Fig.  23 


Table  2 

Applications  of  driving  data  and  traffic  information  in  vehicles  energy  conservation. 


Method/technology 

Section  no. 

Notes 

References 

Proper  route  selection  as 
a  driver  support  tool 

3.1 

Guiding  driver  to  select  proper  routes  with 
the  least  traffic  or  length 

[20-24] 

Adaptive  cruise  control 
system 

3.2 

Preventing  unnecessary  acceleration  and 
deceleration  especially  in  highways 

[25,26] 

Platoon  system 

3.3 

An  energy-saving  ITS  technology  in  which  cars  move 
tandem  as  a  unit  to  prevent  unnecessary 
accelerations/decelerations,  avoiding  traffic  jams  using 

ITS  and  reducing  aerodynamic  drag  force 

[28] 

Traffic  light  to  vehicle 

communication 

technology 

3.4 

In  this  technology,  idling,  accelerations  and  decelerations 
are  minimized  while  ensuring  that  the  vehicle  never 
exceeds  the  speed  limit 

[30-32] 

Intelligent  HEV  energy 
management  using  car 
navigation  data 

4.1 

Driving  condition  prediction  using  GPS  and  making  a 
terrain  preview  to  make  proper  energy  management 
decisions 

[45-52] 

Driving  condition 
prediction  based  on  history 
of  motion  for  intelligent 

HEV  control 

4.2 

Driving  condition  prediction  using  in-vehicle  instruments 
to  make  proper  energy  management  decisions 

[53-56] 

Driving  condition 
recognition  based  on 
history  of  motion  for 
driving  condition 

4.3 

Driving  condition  recognition  using  in-vehicle  instruments 
to  adapt  energy  management  system  regarding  to  current 

[60-74] 

Charging  load  profile  extraction 
using  driving  data 

5.1 

Smart  charging  scheduling  and  management  usingCLPs 

[75-84] 

ITS-Based  charging 
management  of  EVs  and 

PHEVs 

5.2 

Charging  scenarios  in  which  drivers  are  assisted  through 

ITS  for  selection  of  a  proper  charge  station  to  reduce  peak 
demands 

[85-87] 

- ! - 

Conventional  Vehicles: 

^Route  selection 
S Adaptive  cruise  control 
S Platoon  system 
^Traffic  light  to  vehicle  system 

_ _ _ / 


Plug-In  Hybrid  Electric  Vehicles: 

'"'Route  selection 

S Adaptive  cruise  control 

'"'Platoon  system 

'-'Traffic  light  to  vehicle 

'"'Intelligent  energy  management  using  car 

navigation  data 

^Intelligent  energy  management  based  on  driving 
condition  prediction 

^Intelligent  energy  management  based  on  driving 
condition  recognition 
S Charging  load  profile  extraction 
^ITS-Based  charging  management 


Hybrid  Electric  Vehicles: 


'''Route  selection 
v' Adaptive  cruise  control 
S Platoon  system 
'"'Traffic  light  to  vehicle 
'"'Intelligent  energy  management 
navigation  data 

'"'Intelligent  energy  management 
condition  prediction 
^Intelligent  energy  management 
condition  recognition 


using  car 
based  on  driving 


based  on  driving 
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Electric  Vehicles: 

^Route  selection 
S Adaptive  cruise  control 
'''Platoon  system 
'"'Traffic  light  to  vehicle 
S Charging  load  profile  extraction 
^"ITS-Based  charging  management 


■\ 
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Fig.  25.  Classification  of  energy  conservation  approaches  for  different  types  of  vehicles. 
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shows  a  schematic  of  the  system.  Using  this  system,  EV  battery 
state  of  charge  is  observed  and  managed  via  ITS  communication 
and  EV  is  conducted  to  a  proper  charge  station  in  its  proximity. 

In  [93],  charging  scenarios  have  been  presented  in  which  EV 
drivers  are  assisted  through  ITS  for  selection  of  a  charge  station.  In 
this  approach,  different  situations  are  investigated  using  a  game- 
theoretic  method  to  determine  the  least-crowded  or  the  fastest 
trip.  The  results  demonstrated  benefits  of  ITS  comparing  to  the 
case  where  drivers  have  knowledge  of  the  road  topology  and  the 
charging  stations  location  only.  Using  ITS,  various  charging  sce¬ 
narios  are  applicable.  For  example,  Fig.  24  illustrates  two  different 
charging  scenarios  including  full-access  scenario  in  which  all 
vehicles  can  access  any  of  the  existing  charging  stations,  and 
butterfly  scenario  in  which  not  all  EV  flows  can  reach  all  charging 
stations,  as  shown. 


6.  Summary  and  conclusions 

In  this  study,  various  applications  of  driving  data  and  traffic 
information  in  vehicles  energy  conservation  have  been  classified 
and  discussed.  Table  2  summarizes  all  mentioned  techniques  and 
methods  in  this  paper.  In  addition,  classification  of  energy  con¬ 
servation  approaches  is  demonstrated  in  Fig.  25  for  different  types 
of  vehicles. 

This  research  shows  that  driving  data  and  traffic  information 
have  significant  benefits  for  vehicles  energy  conservation.  All  cited 
studies  have  demonstrated  that  applying  those  techniques  and 
methods  leads  to  an  improvement  in  vehicles  energy  efficiency 
and  a  decrease  of  the  transportation  energy  sector. 

Because  of  increasing  concerns  about  the  environment  and 
higher  fuel  costs,  EVs  are  considered  to  be  more  important  than 
the  past.  Many  car  manufacturers  have  paid  more  attention  to  EV 
technology  in  recent  decade  and  a  renewed  interest  is  observed  in 


Fig.  26.  Experiment  of  wireless  power  transfer  at  Hori  Lab  [94]. 


this  area.  One  of  the  most  significant  issues  for  utilizing  EVs  and 
PHEVs  is  their  charging  through  the  grid.  Ongoing  researches  for 
EVs  and  PHEVs  are  addressing  their  move  toward  wireless  char¬ 
ging.  An  experiment  of  wireless  power  transfer  at  Hori  Lab  is 
shown  in  Fig.  26  [94  .  Applying  this  new  technology  for  vehicles 
charging  will  prepare  the  ground  for  using  driving  data  and  traffic 
information  more  effectively  in  vehicles  energy  conservation  in 
the  future. 
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